The utilization of Normalized Difference Vegetation Index (NDVI) data obtained through satellite images can technically improve the process of delimiting management zones (MZ) for annual crops, resulting in socio-economic and environmental benefits. The aim of this study was to compare delimited MZ, using crop productivity data, with delimited MZ using the NDVI obtained from satellite images in areas under a no-tillage system. The study was carried out in three areas located in the state of Rio Grande do Sul, Brazil. Three crop productivity maps, from 2009 to 2015, were used for each area, whereby the NDVI was calculated for each crop productivity map using images from the Landsat series of satellites. Descriptive and geostatistical analysis were conducted to determine the productivity and NDVI data. The MZ were then delimited using the fuzzy c-means algorithm. Spearman's correlation matrix was used to compare the methodologies used for delimiting the MZ. The MZ based on NDVI calculated from the satellite images correlated with the MZ based on crop productivity data (0.48 < r < 0.61), suggesting that the NDVI can replace or be complementary to productivity data in delimiting MZ for annual cropping systems.
Introduction
Increasing the productivity of an agricultural system, coupled with attractive economic return and minimal environment impacts, is one of the main challenges of the 21 st century (Godfray et al., 2010) . Under this scenario, it is imperative that decision makers (e.g., farmers, consultants, extension agents) have access to specific information about the soil, cropping system and climate that directly and indirectly support the adoption of better management practice choices in each agricultural production system (Lee and Ehsani, 2015; Srbinovska et al., 2015) .
The use of management zones (MZ) is an important approach that, among other benefits, it enables reductions in the production cost, while reducing the environmental impacts of agricultural activities (Kaffka et al., 2005; Moral et al., 2011) . For farmers to be able to use MZ, the first step is to delimit those zones based on parameters that are generated which take into account different soil attributes Damian et al., 2016) , topographical components (Fraisse et al., 2001; Fridgen et al., 2004) , vegetation indexes (Zhang et al., 2010; Chang et al., 2014) , and the intrinsic parameters of each crop (El Nahry et al., 2011; Tagarakis et al., 2013) . Among many options, crop productivity data has been considered the most important parameter for efficiently defining MZ in annual cropping systems (Buttafuoco et al., 2010; Betzek et al., 2018) .
Crop productivity maps are created from the yield data collected by a set of sensors coupled to the harvesters together with positioning information systems (Blackmore and Moore, 1999) . However, from the harvesting operation to elaboration of the productivity maps, errors attributed to the sensors, data logger, operating condi-tions, positioning or operator, can compromise the quality of the mapping (Arslan and Colvin, 2002) . An interest in using vegetation indices as an alternative to productivity maps has emerged in recent years. Globally, the NDVI, calculated from satellite images (Tarnavsky et al., 2008) has been widely used, since it is closely correlated with crop productivity (Boken and Shaykewich, 2002; Sultana et al., 2014; Lopresti et al., 2015; Peralta et al., 2016) . In addition, high resolution satellite images can be acquired at a low price, which allows for mapping large areas with low investments.
Understanding the relationship between MZ generated from productivity maps and those generated from NDVI obtained from satellite images is essential to increasing the efficiency of delimiting management zones. In this respect, the aim of this study was to evaluate the effectiveness of using NDVI obtained from satellite images compared to crop productivity maps to characterise management zones in areas under a no-tillage system in southern Brazil.
Materials and Methods

Study sites
The study was carried out in three areas in northern Rio Grande do Sul (RS) state, Brazil (Figure 1 ). Area 1 (27°42'38" S -53°20'04" W; 559 m a.s.l) covering 117 ha and Area 2 (28°08'20" S -53°31'07" W; 491 m a.s.l) covering 97 ha are located near Boa Vista das Missões city, whereas Area 3 (27°44'07" S -53°21'03" W; 602 m a.s.l) covering 75 ha is located near Condor city. The climate in the region is humid subtropical with hot summers, type Cfa, with average maximum temperatures ≥ 22 °C, average minimum temperatures from -3 to 18 °C, and
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The regional landscape is characterized by gently rolling terrain, with the soil classified as a clayey Typic Hapludox (Soil Survey Staff, 2014) in the study areas.
The management system used in the selected areas included the adoption of a no-tillage system (NTS) for more than 20 years, and the use of precision agriculture tools in the last 10 years, such as georeferenced soil sampling, soil mapping, variable rate application of lime and fertilisers, and crop yield mapping.
Productivity maps
The crop productivity data were collected by a yield monitor for grain yield and moisture mapping of harvested grains. The system consisted of an impactplate instant grain sensor installed at the end of the clean grain elevator. In addition, the harvester had a speed monitoring system coupled with information on platform width, and stored the yield information based on georeferenced GPS signals.
The gross productivity databases were filtered to eliminate outliers as described by Menegatti and Molin (2003) . The elimination criterion for the outliers includ-ed points that had a coefficient of variation (CV) greater than 30 %, which characterize inconsistent productivity (Suszek et al., 2011) . For this study, three productivity maps with complete dataset were used for each area: i) Area 1: White Oats (2010), Wheat (2013 ), and Soybean (2014 ; ii) Area 2: Wheat (2009), Wheat (2014) and Soybean (2014 Soybean ( -2015 ; and iii) Area 3: Maize (2009-2010), Wheat (2010) and Soybean (2011 Soybean ( -2012 .
Satellite images
The images from the Landsat series of satellites (Landsat 7 and 8) were obtained from USGS Earth Explorer, a free access database. The images were downloaded in GeoTiff format (Level 1), presenting pixel sizes of 30 m. Atmospheric correction was performed using the semi-automatic classification plugin in QGIS 2.18 (Congedo, 2016) in order to obtain surface reflectance without the interference of atmospheric gases. Landsat 7 images were used for crop seasons from 2009 to 2012, and Landsat 8 images for crop seasons from 2013 to 2015.
One satellite image was selected for each area and crop under study with a date that represented the crop cycle, as described in Table 1 . Satellite images were chosen that displayed the best quality, i.e. with no cloud cover in the area of study. The NDVI was calculated from the satellite images using the QuantumGIS (OS-Geo) software according to Equation 1:
where: NDVI is the Normalised Difference Vegetation Index (unitless); NIR the near-infrared region; R the red region. In Landsat 7 the NIR corresponds to band 4 (spectral resolution of 0.76 -0.90 μm) and the R to band 3 (spectral resolution of 0.63 -0.69 μm). In Landsat 8 the NIR corresponds to band 5 (spectral resolution of 0.85 -0.89 μm) and the R to band 4 (spectral resolution of 0.63 -0.68 μm).
To avoid errors due to the overlapping of satellite images in the study area, especially considering the edges of the area that were close to trees, water reservoirs, or bare soil among others, the NDVI data was filtered for each situation under evaluation by excluding NDVI values in a 10 m strip around the perimeter of the area. After calculating the NDVI, for each pixel a centroid was added corresponding to the NDVI value at the centre of the pixel, with the centroids inheriting the same attributes as the polygons generated from the pixels. This procedure was used to standardise the NDVI and productivity data, allowing for a comparison between these parameters.
Data analysis
A regular 30 × 30 m mesh (0.09 ha) was overlapped on the productivity and NDVI maps. This procedure standardised the same number of points (cells) for each map, allowing for a temporal comparison of the maps. The size of the grid was defined by the pixel size of the satellite image (30 m).
Exploratory analysis (descriptive statistic) was conducted to verify data distribution using the SAS software (Statistical Analysis System, version 9.3). The statistical parameters determined were: minimum, mean, maximum, standard deviation and the coefficients of variation (CV %), asymmetry (Cs) and kurtosis (Ck). Based on the values for CV (%), data dispersion was classified as low for a CV < 15 %; moderate for a CV of 15 to 35 %; and high for a CV > 35 % (Wilding and Drees, 1983) . The existence of a central tendency (normality) in the original data was verified by means of the W-test (p > 0.05).
Considering that the majority of the productivity and NDVI data did not follow a normal distribution of frequency, Spearman's nonparametric correlation matrix was used to evaluate the spatio-temporal correlation between these two variables. Only the productivity and NDVI data for crops with a Spearman correlation coefficients greater than 0.30 were included in the study, in order to reduce the uncertainties related to the delimitation of the management zones. The amount of data which did not meet this criterion ranged from 8 to 12 % in the three study areas.
Geostatistical analysis of the productivity and NDVI data was carried out using semivariograms, with adjustments made by means of theoretical models (spherical, exponential, Gaussian and linear) using the GS+ Gamma Design Software (Robertson, 1998) . The fit of the models was based on the best coefficient of determination (r 2 ) and the lowest residual sum of squares (RSS) obtained by the cross-validation technique. The following parameters were defined for each model: theoretical, nugget effect (C 0 ), contribution (C 1 ), sill (C 0 + C 1 ) and range (r). From the parameters obtained in fitting the semivariogram model, thematic maps were generated using kriging as the interpolator.
Management zones
Delimitation of the management zones was determined through fuzzy c-means clustering algorithms, to partition spatial observations into clusters. The analysis was done using the Management Zone Analyst (MZA) 1.0.1 software (Fridgen et al., 2004) .
The fuzziness performance index (FPI) and normalised classification entropy index (NCE) were used to determine the best number of clusters (management zones) as well as their overall performance. The FPI (Equation 2) is a measure of the degree of different association classes (imprecision), where the values range from 0 to 1 (Odeh et al., 1992) . The NCE (Equation 3) is used to decide how many clusters are suitable for defining the management zones (Bezdek, 1981) . The ideal number of clusters occurs when the two indices are at their minimum (Fridgen et al., 2004) .
where: c = values of the centroids in the cluster; u ik , the values for each observation K in cluster i; log a, any positive integer; and n, the number of data analysed. The configurations chosen were a measure of Euclidean similarity: fuzzy exponent = 1.3, maximum number of iterations = 300, convergence criterion = 0.0001, minimum number of zones = 2, and the maximum number of zones = 8.
The accuracy of mapping of management zones delimited with productivity data and NDVI was performed using the Kappa coefficient. In addition, data from seven replicates were randomly collected in each zone, where each replicate was composed of 20 sampling points of NDVI, and were subjected to an analysis of variance (ANOVA). When ANOVA was significant (Ftest, p < 0.05), the mean values were compared according to Tukey's test (p ≤ 0.05).
Results and Discussion
Exploratory data analysis
Descriptive statistical analysis revealed that for most crops the productivity and NDVI data did not follow a normal distribution of frequency (Table 2) . This lack of normality may be associated with the high number of observations, which made it possible to detect the spatial variability of the productivity and NDVI data with a high degree of resolution.
The productivity data had CV values ranging from 8 to 29 % (Table 2 ). In areas 1, 2 and 3, the greatest variation in the data was observed for White Oats/2010, Wheat/2014 and Maize/2009 respectively, with CVs classified as moderate (Wilding and Drees, 1983) . Thus, our results indicated that there is no universal pattern of variation per crop, confirming that productivity data of different crops need to be included in delimiting MZ so as to cover the spatio-temporal variation of productivity within diversified cropping systems. NDVI for delimitation of management zones Sci. Agric. v.77, n.1, e20180055, 2020 The NDVI data showed lower CV values (i.e., ranging from 2 to 12 %) than those verified for productivity. These results are consistent with those obtained in other studies (Zerbato et al., 2016; Barbanti et al., 2017) , and may be due to the fact that NVDI values range from 0 to 1. Another factor that contributes to lower variation of NDVI data is associated with the phenological stages of crops at the moment of the image acquisitions. In this study, the images were obtained when the crops presented a high leaf area index (after crops had reached maximum vegetative growth), which resulted in lower interferences affecting NDVI values.
Contrasting results were found for NDVI values and productivity values for soybean and wheat crops in the same area, as well as in different areas ( Table 2) . The NDVI values for wheat did not follow the magnitude of the variation in productivity, suggesting that this crop presents high sensitivity to edaphoclimatic variations during its cycle (Roman et al., 2008) . However, the soybean crop showed higher stability of NDVI values in relation to productivity values in the three study areas, likely associated with the high plasticity of this crop (Ferreira et al., 2018) , which enables adaptation to different environmental and management conditions (e.g., altitude, latitude, soil texture, soil fertility, sowing date, plant population and line spacing).
Spearman's correlation
In general, the productivity and the NDVI data showed significant correlation (Table 3) . In Area 1, the correlation coefficients were considered high compared to the other areas, of 0.56, 0.61 and 0.56 for the productivity data for White Oats/2010, Wheat/2013, and Soybean/2014, and their respective NDVI data. In contrast, the lowest values for the correlation coefficients were found in Area 2, despite their being considered acceptable according to the previously adopted criterion (> 0.30), being 0.48, 0.31 and 0.47 fo the data for Wheat/2009, Wheat/2014 and Soybean/2014, and their NDVI data. In Area 3, the correlation coefficients were close to those found for Area 1, of 0.51, 0.58 and 0.49 for the productivity data for Wheat/2009, Wheat/2014 and Soybean/2014, and their respective NDVI data.
The significant correlations found between the productivity and the NDVI data confirmed that the NDVI calculated from satellite images can be used as a parameter to delimiting management zones for annual cropping systems. These results agree with those previously reported by Zhang et al. (2010) , who also found correlation between productivity and the NDVI calculated from satellite images, indicating the strong relationship between the spectral reflectance of the crops which can be used to map their productivity.
Geostatistical analysis
The results of the geostatistical analysis indicated that productivity and NDVI data, obtained for each crop in the three areas, are spatially dependent (Table 4) , allowing for interpolation and spatialisation of the data in maps (Vieira, 2000) , which are useful tools to guide management interventions. The spatial variability of productivity data was predominantly adjusted to the spherical model, whereas the NDVI data were adjusted to the exponential model (Table 4 ). The spherical and exponential models have been widely used to evaluate the spatial variability of the productivity Souza et al., 2016) and NDVI of different agricultural cropping systems (Ji et al., 2014; Ungaro et al., 2017) .
Similar range values obtained from semivariograms were found in the three study areas, varying from 492 to 870 m for the productivity data, and from 797 to 995 m for the NDVI data. For both variables, the greatest ranges were observed in the Wheat crop, and the lowest values in the Soybean crop. This result can be attributed to the stronger spatial dependence of the productivity data compared to NDVI data, providing a wider range of values. All the models fit the acceptance criteria in relation to the parameters of the adjusted semivariograms, i.e. the r 2 of the semivariogram was equal to or greater than 0.70 and significant to 5 % in the cross validation.
Mapping the values for crop productivity and NDVI
From the mapping of crop productivity in Area 1, a band of high productivity can be seen in the central part of the map, extending from the south to the north, especially for White Oats/2010 (Figure 2A) and Soybean/2014 ( Figure 2C) . Despite a number of similarities, this pattern was not repeated on the map for Wheat/2013 ( Figure 2B ); however, it was possible to identify sites of contrasting productivity on the three productivity maps. In Area 2, a consistent productivity pattern was obtained for the three crops, with higher yields concentrated in the western region of the maps (Figure 2D-F) . In Area 3, the maps of Maize/2009 (Figure 2G) and Wheat/2010 ( Figure 2H ) indicated greater productivity in the southern and central regions of the maps, while high yields were also found in the northern region for Soybean/2011 ( Figure 2I) .
In general, the NDVI data converged with the maps of the productivity data, showing that regions of higher productivity also had higher NDVI values ( Figure  3A-I) . The efficiency of the NDVI obtained from satellite images and their agreement with productivity maps had also been reported in other studies (Groten, 1993; Boken and Shaykewich, 2002; Lopresti et al., 2015) , indicating the close link between NDVI and crop productivity.
Delimitation of the management zones
The results for the fuzziness performance index (FPI) and normalised classification entropy index (NCE) showed similar responses between both the productivity data and the NDVI data. These indexes allowing for a consistent analysis of the differentiation between the management zones, from the eight management zones under test. Fridgen et al. (2004) emphasize that in certain cases, the response of the variables studied within each index can be strikingly different, and it is not possible to identify the number of convergent zone. In cases of extreme discrepancy, the final decision of how many classes to use depends on additional analysis, such as comparing defined management zones with different input variables to determine which are the most important (Alves et al., 2013) , or defining the possible number of representative classes for the remaining variables.
According to Fridgen et al. (2004) , the lowest values of the NCE and FPI indices result in a suitable number of management zones, since it shows the least membership sharing (FPI) or the greatest amount of organisation (NCE) in the clustering process. Based on this criterion, and for the two indices under test, the results showed that out of the eight management zones tested, two zones would be ideal for representing the set of three productivity maps ( Figure 4A-F) . In addition, no significant improvement was seen in the FPI and NCE indices when the number of classes was greater than two, suggesting that with the increase in index values there was an increase in the number of clusters, with a consequent increase in data variability. After defining the ideal number of management zones for each area, both the productivity maps and the NDVI maps were grouped by the fuzzy c-means algorithm, generating new maps that show only the two zones ( Figure 5A-F) , where Zone 1 is a zone of high potential and Zone 2 a zone of low potential, so called by Damian et al. (2016) . As can be seen, the management zones delimited using the NDVI showed high similarity with the delimited management zone using the productivity data for the three areas.
The percentage of the area within each MZ was similar, regardless of study site ( Table 5 ). The variation between the delimited MZ with the productivity data and NDVI were 7 to 10 % for areas 1 and 2 and 19 to 20 % for area 3. Kappa coefficient values were classified as "good" (0.48) and "excellent" (0.81), according to the classification proposed by Landis and Koch (1977) , showing that the delimited management zone maps with productivity data and NDVI present great similarity.
In addition to creating similar maps, the fuzzy c-means algorithm was highly efficient in delimiting management zones of contrasting productive potential (Table 6 ). In general, irrespective of the parameter used to delimit the management zones (productivity or NDVI data), the values measured for productivity and NDVI were significantly different between Zones 1 and 2. Only in the case of Wheat/2014 in Area 2 was the difference not significant, despite the values showing this same pattern for the other crops and areas.
Our findings confirm that the NDVI obtained from satellite images, the factors that increase errors (e.g., image overlap, presence of clouds, and stage of crop cycle among others) when suitably considered, can replace or be used in a complementary way for productivity data for delimiting management zones for annual crops. It is worth highlight- ing that definition of management zones should be based on spatial information that is stable or predictable over time and that crop information, such as NDVI, is the best way to diagnose such variations in the field (Li et al., 2007) .
Conclusions
The delimitation of management zones using NDVI data generated from satellite images showed high convergence with the delimited management zones using productivity data. Therefore, NDVI data can efficiently substitute or complement a series of productivity maps for delimiting management zones, especially when it is difficult or not possible to obtain productivity data through the systems coupled to harvesters.
The use of the NDVI from satellite images as a parameter to delimit management zones for annual cropping systems may represent an important advance in Brazilian agriculture, and may provide more efficient use of resources (i.e., seeds, fertilizers, water and pesticides), and positive feedback in terms of agronomy, socio-economics and the environment. 
